feedstocks. Th ese types of industries require precision in timing of the feedstock availability and delivery logistics. Th erefore, knowing the quantity of the product available is also important to determine prices and costs. Consequently, estimation of the amount of corn grain and stover could be benefi cial for both, farmers and industry. For example, farmers could contract their corn, before harvest, at a more competitive price compared to waiting until harvest when prices may be depressed due to oversupply and have more confi dence on what they can deliver. Th e industry, being aware of an estimate of corn product available ahead of time, could plan logistics and other factory functions enhancing the overall operating effi ciency.
Crop growth simulation models have been used to estimate crop yields. Remote sensing data have also been used to calibrate the simulation models (Maas, 1988) . However, these models use processes in the soil, in the plant, and in the atmosphere to describe the development of the plant and require large volume of data for their calibration (Kantanantha, 2007) . Another more simple approach to predict crop yields is the use of regression (statistical modeling).
Several statistical models in the past and recent years have used plant height as a key variable to assess corn grain yield. Shrestha et al. (2002) used plant height at V10 (10-leaf) growth stage to determine spatial variability of corn response to N. According to Ritchie et al. (1993) , the correlation of plant height and corn grain yield was signifi cant at V12 (12-leaf) growth stage in a dry season. However, the same relationship was not observed in a wet year (Machado et al., 2002) . Other researchers showed T he importance of a well-established cropping system for corn production is well recognized. Several factors can aff ect corn grain and biomass yield. Planting date, N fertilization, tillage, cover crop use, crop rotation, and weed control are just a few practices that can maximize yield and farmer's profi t. Planting corn in a timely manner helps the crop take advantage of optimum air and soil temperatures, as well as available water from precipitation. Additionally, N is an important nutrient for crop biomass production. Insuffi cient N supply during the growing season reduces grain and biomass yield (Dev and Bhardwaj, 1995) .
Maximum profi t is obviously the ultimate goal of a crop production system. Maximizing yield is usually a way that farmers attempt to increase profi t. However, in modern farming and related industries, the timing and supply management of the raw product is very important. Th e use of corn extends from food products for human consumption, to animal feed, to a constituent of drugs and construction materials. Additionally, the biofuel industry considers corn grain and stover as important inconsistent correlation between plant height at early stages and grain yield, among diff erent sites (Mallarino et al., 1999) , while others have reported inconsistent correlations of plant height and grain yield in dry years (Katsvairo et al., 2003) . It seems that the use of plant height as the only explanatory variable cannot contribute toward a large amount of the yield variability consistently.
Th ere have also been attempts to use the normalized diff erence vegetation index (NDVI) to predict crop yields. Teal et al. (2006) reported that prediction of corn grain yield using the normalized NDVI for growing degree days resulted in 73% explained variability. Furthermore, in the same study they showed that NDVI measurements at V8 (8-leaf) corn growth stage resulted in 77% explained variability in biomass yield. In another corn forage yield prediction study, when data were averaged across 3 yr and three locations in Oklahoma, NDVI and plant height at V11-R1 growth stages accounted for 37 and 43% of the explainable variability, respectively (Freeman et al., 2007) . Th e relationship between cotton (Gossypium hirsutum L.) yield and NDVI was found to be linear with R 2 = 0.70 (Mkhabela and Mkhabela, 2000) . It appears that there are studies that report large R 2 values by the use of NDVI, and other experiments that the use of that index resulted in poor explained variability. Th erefore, more work is needed to improve the use of NDVI as predictor variable and to explain more consistently a large amount of variability. Furthermore, NDVI measurements require the use of sophisticated tools that cannot be considered simple.
Most of the corn grain yield estimation attempts have used linear regression to develop prediction models. However, in a more recent study, a model that positively correlated plant height at V6, V10, and V12 (6-, 10-, and 12-leaf, respectively) growth stages with corn yield was developed using nonlinear regression (Yin et al., 2011) . In this study, plant height was the only predictor. Th e maximum explainable variation was 87, 69, and 81% for 2008 to 2010, respectively, when fi tting a non-intercept exponential model. However, separate response functions were used for each individual year, since corn grain yield and plant height had diff erent relationships in diff erent years. Similarly to the previous reported studies, plant height alone at early vegetative growth stages failed to capture consistently large amounts of variability. It seems that other plant morphological characteristics, cultivation practices, and environmental conditions need to be evaluated as predictor variables.
Precipitation is undoubtedly an important factor that impacts corn yield. Yield can vary signifi cantly depending on the amount and timing of the precipitation received in a given year (Norwood, 2001 ). According to a study in the Midwest, soil water content was not strongly correlated with corn yield (Lyon et al., 1995) . However, according to Nielsen et al. (2009) , soil water content at planting (0-180 cm profi le), could be a useful predictor of corn grain yield when combined with in-season precipitation data until R1 growth stage. Th at shows the high impact of in-season precipitation on corn grain yield and implies the need to be evaluated as an explanatory variable in future yield prediction attempts.
When trying to predict corn grain yield using statistical modeling, plant height, N fertilization rate, and precipitation appear to be the most commonly used variables. Further, limited information exists in the literature related to the development of statistical models to predict corn stover yield. To improve yield predictions, other morphological measurements could also be used as explanatory variables for these types of predictions. Simple measurements during the growing season, such as stalk diameter at various heights, number of ears, and height up to the fi rst forming ear could contribute toward explainable corn grain yield and/or stover yield variability. Th e objective of this study was to develop regression equations to estimate corn grain and stover yield at harvest using crop information that is relatively easy to obtain, such as N fertilization rate, cumulative precipitation, and simple plant morphological measurements (plant height, stem diameter at various heights, height of the fi rst ear, and plants per hectare).
MATERIALS AND METHODS

Site Description
Data used to develop the statistical regression equations came from an experiment that was conducted in two locations from 2009 to 2011. Th e fi rst location was the E.V. Smith Research Center (EVS) near Shorter in central Alabama (32.42884 N, -85.890235 W) . Th e second location was in the north part of the state at the Tennessee Valley Research and Extension Center (TVS) in Belle Mina (34.687953 N, . Th ese sites were selected because they have diff erent soil types and climate patterns. For all 3 yr of the experiment, the mean annual precipitation at EVS ranged from 87.8 to 156.8 mm. At TVS for the same period, the range of mean annual precipitation was 86.5 to 121.6 mm. Th e mean annual temperature, similar to precipitation levels, was higher in EVS than in TVS by 1.2°C. Similar trend and magnitude of diff erence was observed on mean annual minimum and maximum temperatures. Th e soil at EVS was a Compass loamy sand (coarse-loamy, siliceous, subactive, thermic Plinthic Paleudults) while at TVS was a Decatur silt loam (fi ne, kaolinitic, thermic Rhodic Paleudults).
Th e experiment consisted of a 3 × 4 × 2 complete factorial design arranged in a split-split-plot. Th e factors were; winter rye cover crop (main plot), N fertilization (subplot) and stover residue harvest (sub-subplot). Th ere were three cover crop levels; rye present, rye harvested, and plots without cover crop. Th e four levels of N fertilization rate were 0, 84, 168, and 252 kg ha -1 , while the two levels of corn stover harvest were stover harvested or retained on the fi eld. Each treatment combination was replicated three times for a total of 72 plots at each location. Each plot consisted of four rows (91-cm row spacing) and measured 6.1 m long by 2.7 m wide.
Both locations were under continuous no-tillage corn production with no supplemental irrigation. Th e rye on plots receiving a cover crop, was planted in the fall with a grain drill. Corn was sowed in late March to early April, as per recommendations from the Alabama Cooperative Extension Service (ACES). Pest management was performed following ACES recommendations.
Data Collection
Before data collection, a representative area consisting of a 1-m length of row from both of the two middle rows of every plot was fl agged. Th e same three plants from each of the marked rows were used for data collection throughout the entire growing season to assure consistency. Plant morphological measurements were taken every 7 d starting at V2 until R1 (2-leaf until silking) growth stage. Morphological measurements collected were plant height and stem diameter at the base of the plant and vertically every 20 cm up to 60 cm. At the R1 growth stage, the number of forming ears and height to the fi rst ear from the soil surface were measured. Plant height and height up to the fi rst ear were measured using a meter stick from the same plants of the two middle rows. For stem diameter, digital calipers in millimeters scale with two decimal places precision were used. Since the stalk of the corn plant is not completely cylindrical, the narrowest part was used to measure the diameter to maintain consistency. Th e total precipitation from the planting date until fi nal data collection (R1 stage) was recorded and used as a predictor variable. All predictor variables used for model development, as well as their symbols, are summarized in Table 1 . At the end of the growing season, when grain moisture content was <18%, the entire plot was machine harvested with a combine, and corn yields at 15.5% moisture were used for the development of the corn grain model. For the stover yield model, stover biomass between the fl agged areas was manually harvested before combine harvest, partitioned from the grain, dried at 55°C for 7 d, and weighed.
Statistical Analysis
Multiple linear regression techniques were used to develop two models. Th e dependent variable in the fi rst model was grain yield, while biomass yield was the response variable in the second model. Th e REG procedure in SAS v. 9.3 (SAS Institute, 2012) with the STEPWISE selection technique was employed to develop regression equations to predict grain and stover yield. Several regression equations, with and without intercepts, were developed for both grain and biomass yield. Th e performance of these equations was evaluated using several statistical criteria such as the R 2 , adjusted R 2 , mean square error (MSE), coeffi cient of variation (CV), residual sum of squares (RSS), predicted residual sum of squares (PRESS), and Mallow's criterion [C(p) ]. An independent variable signifi cant at α ≤ 0.01 was incorporated into the model and was retained at α ≤ 0.001.
RESULTS AND DISCUSSION
Only using the coeffi cient of determination, or R 2 , to determine the best fi t between two regression models can be misleading. A non-intercept model typically infl ates the coeffi cient of determination (UCLA Statistical Consulting Group, 2013a) given that this type of model forces the equation through the origin, or the (0, 0) point. Th is implies that when x = 0, then the expected value of y also equals zero, inferring that at this point the model fi ts perfectly. However, including this point when it might not actually exist in the observed experimental data can introduce bias. Moreover, the sum of squares used for the calculation of the R 2 values are not corrected in non-intercept regression (e.g., most nonlinear models), meaning that the coeffi cient of determination of a non-intercept model indicates the proportion of explained variability around the origin (zero). Th is creates artifi cially large values for the coeffi cient of determination (UCLA Statistical Consulting Group, 2013b). In contrast, the R 2 value of an intercept model indicates the proportion of variability around the dependent variable explained by the regression.
Given these issues listed above, several criteria should be compared for choosing between a non-intercept and an intercept model, and determining the fi nal model. Th e MSE accounts for the variance and bias of the diff erence between the actual and predicted value. A small MSE value is desirable. Th is is a useful criterion when the goal of the developed model is to assess how well the predictions match the reference values (Sheiner and Beal, 1981) . Th e CV is another useful criterion to assist model selection since it shows the amount of variability in relation to the population mean. A small CV value is also desirable. Residual sum of squares is another measure of how close estimated values are to the actual data. Models with small RSS indicate better fi t than models with large RSS. Predicted residual sums of squares is a statistic used in regression analysis to provide a measure of the model fi t to a portion of the total data set. Th is portion of the data, the residuals, was not used to develop the model. As in the case of RSS, small PRESS values are preferred. Finally, Mallow's C(p) can be used to fi nd the most appropriate predictors without overfi tting the model. Th e model with C(p) value close to the number of parameters is desirable. Th ese criteria were used to determine the most appropriate model for the data presented here.
Precipitation levels varied between years and locations ( Fig. 1) . At EVS, the location in central Alabama, total precipitation during the three growing seasons was 570.2, 230.4, and 118.1 mm in 2009, 2010, and 2011, respectively. For the same period at TVS, the location in the northern Alabama, total precipitation was 396.5, 222.3, and 216.2 mm. Th is variation in weather, as well as the diff erence in soil type between locations, is highly desirable to expand the boundaries of the prediction ability of the models. Some variability between years and locations is desired as it would add robustness to confi dence intervals of the predictive values generated by the models. Th e majority of independent variables used were signifi cantly correlated to each other ( Table 2 ). As a matter of fact, many variables were strongly correlated (r > 0.80). Th is is an indication that these interactions should be considered as possible explanatory variables.
Multiple attempts were performed to develop grain and stover models at very early stages of plant development (V2-V10). However, the maximum explainable variability would not exceed 58% for both, grain and stover yield, during the vegetative growth stages. Similar fi ndings were reported by Yin et al. (2011) . In their study, corn yield regression was weak at early growth stages and became stronger at later vegetative growth stages (Yin et al., 2011) . During early vegetative growth stages in our study, fewer factors were included in the equation since height of the fi rst ear and number of ears was not available. Due to this low explainable variability for early growth stages, measurements from the fi rst reproductive stage (R1) were used.
Initially, individual prediction equations were developed for every location and year for both, grain and stover yield using measurements at R1 stage (equations not shown). All models were signifi cant for every location and year. Th e R 2 and p value of every grain and stover yield model were signifi cant and large for each individual location-year (Tables 3 and 4) . Yin et al. (2011) reported lower correlation coeffi cients using only plant height in several non-intercept exponential models that predicted grain yield. Correlation coeffi cients of models that they developed from V6 to V12 growth stages ranged between 0.32 to 0.87. However, an equation that describes the data of an individual location in 1 yr would have poor predictive performance and limited practical application. A model intended to be used for prediction purposes should be more robust. To achieve the desirable robustness, the statistical models should be developed using data that is replicated in time and space. Th erefore, all measurements from this study, 3 yr and two locations, were used for the creation of the fi nal models.
Aft er combining the data from all six site-years, two candidate models were developed for grain yield prediction. Th e fi rst equation had an intercept, while the other had no intercept and a larger R 2 . Th e statistical criteria mentioned previously were calculated and used to compare the regression models (Table 5) . A better model fi t to the actual data is usually associated with lower criteria values, with the exceptions of R 2 and adjusted R 2 . Both regression models exhibited signifi cance of regression (p < 0.0001). As expected, R 2 and adjusted R 2 values for the non-intercept model were larger than those of the model that included the constant. As previously mentioned, R 2 should not be the only criterion used to select a model, thus other criteria were also used to determine the appropriate model (Sheiner and Beal, 1981) . Th e MSE, CV, RSS, PRESS, and C(p) were lower for the model with a constant than the one without an intercept. Similar to the grain yield, both models (with and without intercept) were developed for corn stover yield estimation. When evaluating both stover models, the above criteria were lower for the intercept model than the non-intercept (Table 6 ). Th us, the most appropriate statistical models are those that include an intercept for both grain and stover yield prediction. 1.000 * Signifi cant correlation at P ≤ 0.05. † N, fertilizer N rate in kg ha -1 ; Stem0, diameter at the base of the plant in millimeters; Stem20, stem diameter at 20 cm of height in millimeters; Stem40, stem diameter at 40 cm of height in millimeters; ear height, height of the fi rst ear in centimeters. ‡ Signifi cant correlation at P ≤ 0.0001. Th e fi nal regression models for corn grain and stover yield, the signifi cant predictors, and their associated estimates, are summarized in Tables 7 and 8 , respectively. All predictors were signifi cant for the grain yield model except the plant height and the stem diameter at the base of the plant. Almost 80% of the total variation was explained with the fi nal regression model (R 2 = 0.7705). Th e adjusted coeffi cient of determination was almost equal to the R 2 , which implies that there were no parameters in the model that should be removed. Th is is also an indicator that the model was not over-parameterized. Th e variance infl ation factor (VIF) was used to detect possible multicollinearity issues. All predictors exhibited VIF < 10 for the grain model, indicating no multicollinearity (Table 7) . Figure  2 shows the scatter plot of predicted grain yields against actual values. Almost every observation falls inside the 95% prediction limits (dotted lines). Th e corn grain model overestimated actual mean yield by 1.8%. Also, plant height was not included in the fi nal grain regression equation as a signifi cant variable. However, this does not mean that it is not a valuable morphological measurement. It is possible that in this experiment other variables had a greater impact on the fi nal regression model.
For the stover yield model, plant height, precipitation, N rate, stem diameter at 20 and 40 cm of height, height to the fi rst ear, and number of ears per hectare at R1 stage were the signifi cant factors. Th e maximum explainable variability was 85% (R 2 = 0.8473), with the adjusted R 2 values being almost identical. Similarly to the grain yield model, no multicollinearity was detected (Table 8 ). Figure 3 shows the scatter plot of predicted vs. actual stover yields. Similar to the grain model, almost all observations were inside the 95% prediction limits (dotted lines). Th e stover model overestimated the actual mean biomass yield by 0.3%.
Every statistical model has boundaries and limitations. Th e robustness of every model depends on how wide these boundaries are. Th e high robustness of the developed regression equations can be justifi ed for the following reasons. Four N levels (0-252 kg ha -1 ) were included which provides a good range of N fertilization. It should be noted that the recommended N rate in Alabama is 150 kg ha -1 . Also, six diff erent levels of precipitation from planting to R1 stage (118-570 mm) were -0.00008037 <0.0001 4.8 † Pr, precipitation in millimeters; C, corn ears ha -1 ; S20, stem diameter at 20 cm of height in millimeters; S40, stem diameter at 40 cm of height in millimeters; N, fertilizer N rate in kg ha -1 ; P, plants ha -1 . ‡ Variance infl ation factor of <10 indicates no multicollinearity. included in the model development. Further, three diff erent cover crop management practices and two stover residue management treatments were included, making the dataset more robust to possible cultivation techniques. Finally, the two sites were established in two major soil types of the Southeast. For these reasons, the regression models should perform well (interpolate) for corn grown at any level of cumulative precipitation (planting-R1) between 118 and 570 mm, in similar soil type to those in this study, for any N fertilization rate between 0 and 252 kg ha -1 , for any of the three cover crop managements, and whether the farmer removes the corn residues aft er harvest or not.
CONCLUSIONS
Th e capability of predicting corn grain and stover yield at harvest using information at early growth stages (V2-V10) is an appealing and useful goal. However, according to our study, excessive variability during the vegetative growth stages did not allow for the construction of an acceptable robust prediction equation. Climate variability that includes droughts or large amounts of precipitation, as well as extreme environmental phenomena, can impact corn growth and corn yield. Th e fi rst reproductive stage seems to be an appropriate time to collect measurements, which can result in accurate corn grain and stover yield estimations. Results from this experiment suggest that total precipitation from planting until R1 growth stage, as well as simple morphological measurements at R1 growth stage, such as plant height, height of the fi rst ear, stem diameter at various heights, and number of forming ears per hectare can be used to assess corn grain and stover yield. According to the results presented, the overall performance of both regression models seems to be acceptable and it is expected that their predictive ability will be reliable between the specifi ed growth conditions.
